Cognitive radio (CR) can be leveraged to mitigate the spectrum scarcity problem of Internet of Things (IoT) applications while wireless energy harvesting (WEH) can help reduce recharging/replacing batteries for IoT and CR networks. To this end, we propose to utilize WEH for CR networks in which the CR devices are not only capable of sensing the available radio frequencies in a collaborative manner but also harvesting the wireless energy transferred by an access point. More importantly, we design an optimization framework that captures a fundamental tradeoff between energy efficiency (EE) and spectral efficiency of the network. In particular, we formulate a mixed integer nonlinear programming problem that maximizes EE while taking into consideration of user buffer occupancy, data rate fairness, energy causality constraints, and interference constraints. We further prove that the proposed optimization framework is an NP-hard problem. Thus, we propose a low complexity heuristic algorithm, to solve the resource allocation and energy harvesting optimization problem. The proposed algorithm is shown to be capable of achieving near optimal solution with high accuracy while having polynomial complexity. The efficiency of our proposal is validated through well designed simulations.
WEH is classified into three categories: 1) energy harvesting from unknown source; 2) anticipated source; and 3) intended wireless energy transmission. While the two formers are not efficient because the amount of ambient wireless energy in the environment is generally low and inconsistent, the latter, which can utilize the power transmitters, is much more efficient.
The rapid growth of higher data rate devices and wireless applications is likely to demand for more operating frequency bands. The dynamic spectrum access capabilities of cognitive radio (CR) can be leveraged to alleviate spectrum scarcity by utilizing the spectrum holes, i.e., underutilized spectrum bands [6] . In order to transmit data without interfering licensed users, spectrum sensing, which is the process of detecting the spectrum holes, plays a crucial role. Owing to the effects of fading and shadowing, the performance of single spectrum sensing is generally unreliable. In this regard, cooperative spectrum sensing (CSS) is applied to improve the performance of sensing by combining the observations of spatially located users. Current communication technologies cannot provision the future growth of numerous IoT devices. Therefore, transforming the IoT network into a cognitive-based IoT network is essential to utilizing the available spectrum opportunistically [7] .
A. Related Works
The energy efficiency (EE) of IoT networks has emerged as a major research issue [8] - [11] . In particular, an energy efficient architecture was proposed in [8] for IoT networks where the sensors' sleep intervals are predicted based on their remaining energy. Sharma et al. [9] presented an energy efficient approach for device discovery in 5G-based IoT using multiple unmanned aerial vehicles. Zhang et al. [10] proposed an integrated structure to enhance the EE of IoT networks. They optimized the EE of the whole system by considering the wireless and wired parts at the same time. Alnakhli et al. [11] proposed a mechanism to jointly maximize the spectrum and EE for device-to-device communications enabled wireless networks.
IoT and CR networks are evolving technologies and the CR utilization in IoT is becoming an important issue. However, few works have discussed the CR capabilities (like CSS) for IoT networks. State of the arts on cognitive machine-tomachine communications from a protocol stack perspective has been reviewed in [12] . Majumdar et al. [13] also proposed a packet size optimization mechanism for CR-based IoT networks where they considered the tradeoff in terms of EE and overhead delay for a given data packet length. Throughput maximization was proposed in [14] for energy harvesting enabled CR networks. Moreover, Hu et al. [15] proposed a cognitive code division multiple access (CDMA) scenario by combining the concept of CR with dynamic spectrum bands and CDMA for IoT networks.
WEH and transfer technologies can be leveraged for IoT networks. Li et al. [16] proposed a framework where network coding is applied to an IoT network to reduce IoT energy consumption. Kawabata et al. [17] considered a relay selection problem for energy harvesting and proposed a new scheme for energy harvesting relay selection which is based on the residual energy at each relay's battery. Song et al. [18] studied a tradeoff between quality of service provisioning and the EE for IoT networks. Moreover, Liu et al. [19] proposed a WEH protocol for an underlay cognitive relay in which the secondary users are assumed to harvest energy from the primary network. Ha et al. [20] proposed a harvest-then-transmitbased enhanced MAC protocol to solve the problem of the tradeoff between the RF energy transfer and data communication for wireless powered sensor networks by maximizing the energy harvesting rate. Kang et al. [21] investigated a wireless communication network with a full-duplex hybrid energy and information access point (AP) by maximizing the sumthroughput and minimizing the total time. Che et al. [22] considered dual-function APs, which are able to support the energy/information transmission to/from wireless nodes.
B. Contributions
None of the existing works considered a tradeoff between the EE and spectral efficiency (SE) by taking into consideration of the limits of spectrum resources, as well as finding the optimal fractions of time slots for energy harvesting and data transmissions in an EH-enabled CR-based network. Therefore, this paper aims to address the aforementioned issue by proposing a system model that not only leverages WEH and CSS, but is also designed to optimize the EE and SE tradeoff of the network by optimizing the length of energy harvesting in each time slot while ensuring data rate requirements of the devices and the fairness in subchannel allocation among the users. The main contributions of this paper are summarized as follows.
1) We propose a CR-based system model for IoT using WEH and CSS to tackle two vital challenges of IoT networks, i.e., supplying adequate energy to operate the network in a self-sufficient manner and providing enough radio spectrum to accommodate the massive growth of devices. To this end, we consider a time switching model in which the devices participate in the CSS process, report their results to an AP, harvest energy that is intentionally transmitted by the AP, and finally transmit their data using the harvested energy. Since users operate in a time switching fashion, there is a tradeoff between the length of the energy harvesting process and data transmission part. Therefore, we focus on optimizing the EE and SE tradeoff of the network by optimizing the length of energy harvesting process in each time slot. 2) We formulate a mixed integer nonlinear programming (MINLP) problem to maximize the tradeoff between the EE and SE while taking into consideration of practical limitations, such as data rate fairness, energy causality constraints, interference constraints, and imperfect spectrum sensing. The problem is proven to be NP-hard. 3) We thus propose a low complex heuristic algorithm, referred to as joint subchannel allocation and energy harvesting optimization (INSTANT), to solve the subchannel allocation and energy harvesting optimization problem. The proposed algorithm is shown to be capable of achieving near optimal solution with high accuracy while having polynomial complexity. The rest of this paper is organized as follows. We propose the system model in Section II. Section III describes the problem formulation. The EE maximization problem is presented in Section IV. We propose our heuristic algorithm in Section V. Finally, simulation results and conclusion are presented in Sections VI and VII, respectively.
II. SYSTEM MODEL
Consider two cellular systems, one with M primary users (PUs) denoted by M = {1, 2, . . . , M} and the other with K self-powered devices represented by K = {1, 2, . . . , K} forming a time-slotted CR-based IoT network ( Fig. 1 ). The devices opportunistically utilize the licensed radio spectrum of the PUs via an AP. The AP is equipped with one fusion center (FC) to centrally process the users' sensing results and one energy transmitter to broadcast energy signals to its associated devices. Each device does local spectrum sensing by a low complex energy detector concerning the presence of PUs. Users' spectrum sensing results are assumed independent [23] and each user is permitted to sense any number of subchannels. The local spectrum sensing results are sent to the FC. Then, the FC applies CSS (to reduce the sensing errors) to achieve final decisions regarding availability of licensed subchannels. Denote N = {1, 2, . . . , N} as the subset of available subchannels identified by the CR-based IoT network for data transmission.
In this paper, energy and information APs are integrated into a co-located energy-information AP, which provides both energy and data access to the users within the range of the AP [21] . The devices are also considered to be selfpowered, equipped with wireless energy harvester devices to exclusively harvest energy from wireless energy signals intentionally transmitted by the AP. In fact, the AP broadcasts a deterministic energy signal to power nearby users over the downlink channel and then receives data from these users transmitted via the uplink channel. Users store their energy in their temporary energy storage devices (e.g., capacitors). However, the energy harvesting process and energy consuming process cannot be done simultaneously in such devices. Due to the energy half-duplex constraint; while the user transmits data via the uplink channel, its energy harvester pauses [24] . Basically, each time slot with duration T is partitioned into a control slot T c and a data slot T d (Fig. 2) . The length of the control slot is called the sensing overhead and is constant for all devices [23] . The fixed control slot period is devoted for CSS and reporting the optimization results from the AP in each slot. We assume that at the beginning of the t-th time slot, device k ∈ K has residual energy E res k,t that is enough for spectrum sensing during the control slot. Meanwhile, the data time slot is divided into two nonoverlapping parts, namely, downlink energy harvesting (DLEH) and uplink data transmission (ULDT). In fact, all users have the same data time slot duration from the AP's point of view. However, during each time slot, users have different DLEH and ULDT time periods because users have various data rate requirements as well as different hardware characteristics to harvest the transmitted energy from the AP. We define the harvesting ratio for the kth device as μ k , ∀k ∈ K, which determines the fraction of data slot devoted to energy harvesting. Nevertheless, in the slotted operating mode, with more time spent on DLEH, less time remains for ULDT, thus degrading the achievable throughput. Hence, there exists a tradeoff between DLEH and ULDT durations. Meanwhile, the users are assumed to have perfect knowledge of channel state information between their transmitters and the AP receiver.
III. PROBLEM FORMULATION

A. Energy Consumption
The amount of harvested wireless energy received by the kth user is
where 0 < ζ 1 is the energy conversion efficiency, which depends on the physical circuit of the energy harvesting device, d k is the geographical distance between the AP and the kth user, β is the path-loss exponent,h k is the channel condition between users and the energy transmitter, P AP is the transmission power of the energy transmitter, and μ k T d is the amount of time in the time slot devoted for energy harvesting. For the sake of convenience, we define the energy harvesting rate of the kth user as ρ k ζ k d −β k |h k | 2 P AP , ∀k ∈ K. In other words, users based on their locations, channel conditions, and their harvesting capabilities have different energy harvesting rates from the transmitted energy of the AP.
Since the users are assumed to have enough residual energy at the beginning of each time slot to operate spectrum sensing, the following inequality must hold: where E sen k,t denotes energy expenditure of the kth user to sense the spectrum in time slot t. E tr k,t is the amount of energy consumed by the kth user to transmit data in the t-th time slot. However, the energy of sensing does not change from time slot to time slot for each user, E sen k,t = E sen k,t+1 . Thus, the energy causality constraint for the network of K users is given by
Accounting for the harvested and the consumed energies, the residual energy of the kth user ∀k ∈ K at the beginning of the next time slot is updated as follows:
To calculate the total energy consumption of one user in one time slot, one should consider the energy of transmission, sensing energy, and the consumed energy for being idle. Based on the energy causality constraint in (3), the maximum transmission energy of the kth user in time slot t is given by
Denote E idle k,t as the energy of the idle mode for the kth user in time slot t. Therefore, the energy consumption of the kth user in the t-th time slot depends on the energy of transmission, harvested energy, spectrum sensing energy consumption, and energy for remaining idle, i.e.,
where τ s k is the sensing time of the kth user. Thus, the total energy consumption of K users in each time slot as a function of the harvesting ratio can be written as
B. Achievable Throughput
To measure the Shannon capacity for each user in the system, we define t tr
k as the transmission time and the transmission energy of the kth user as a function of the harvesting ratio μ k . Thus, the transmission rate of the kth user over the nth subchannel can be written as
where h k,n denotes the channel gain of the kth user over the nth subchannel, B is the bandwidth of each OFDM subchannel, N 0 represents the additive white Gaussian noise, I k is a measured interference introduced to the kth user caused by the PUs' signals, and denotes the SNR gap associated with the biterror-rate of un-coded MQAM. Let g k,n be the binary indicator whether to allocate the nth subchannel to the kth user. For simplicity, we define H k,n [(|h k,n | 2 )/( (BN 0 + I k ))]. Therefore, the total transmission rate of the kth user over all available subchannels, N, is given by
IV. ENERGY EFFICIENCY MAXIMIZATION
In this section, we formulate the problem to maximize the EE of the users while taking into consideration of their buffer occupancy. The EE is defined as the ratio of the total transmission rate to the total energy consumption, and is measured in unit of bits/sec/Joule. Recalling the total throughput in (9) and the total energy consumption in (7) , the EE of the kth user is
Meanwhile, it is possible to allocate spectral resources to the users which do not have enough data in their buffers to transfer, thus resulting in a waste of spectrum resources. Let random variable X k represent the number of bits in the buffer of the kth user, and X k , ∀k ∈ K, are assumed independent and have a common general distribution with the average of E[X k ] X k . In order to efficiently utilize the spectrum, users should not receive spectral resources more than their data in the corresponding buffers. To this end, we incorporate the probability P(X k R k (μ k , g k,n )t tr k (μ k )), ∀k ∈ K, into the objective function to ensure efficient utilization of the spec-
where η k is the weight of the SE in the objective function. However, maximum EE and SE cannot be obtained simultaneously; in fact, there is a tradeoff between EE and SE. Therefore, we propose an optimization framework that optimizes the tradeoff between EE and SE in the CR-based IoT network with DLEH, formulated as P1: max
C1 ensures minimum transmission rates, i.e., (E[X k ]), for all the users where (.) is an increasing function in E[X k ].
In fact, the minimum data rate requirement of each user is defined as an increasing function of the average number of bits in its buffer. C2 means that the energy causality constraint should be held. C3 imposes the total harvested energy of users to be less than the maximum transmitted energy of the AP. C5 and C6 imply that each subchannel is allocated to no more than one device. C7 specifies that the transmission energy of each user should not have a negative value. C8 imposes the harvesting ratio to be a fraction of one time slot. Meanwhile, C4 specifies that the total interference to the mth PU must be less than a given threshold where P tr k (μ k ), the transmission power of the kth user, can be written as
and p k,n = [(P tr k (μ k ))/(|N |)], ∀n ∈ N , ∀k ∈ K. Moreover, spectrum sensing errors (e.g., mis-detection of the spectrum) can also occur and lead to co-channel interference. The total interference introduced to the mth PU by the kth user's transmission over the allocated subchannels is given by I k,m = n∈N u P 1,n I k n,m + n∈N a P 2,n I k n,m [25] , where N u is the set of unavailable sensed subchannels, N a represents the set of available sensed subchannels, P 1,n denotes the probability that the CR-based IoT network correctly identifies the nth unavailable subchannel, and P 2,n is the probability that the network makes a wrong decision regarding availability of the nth occupied subchannel.
Lemma 1: The EE maximization of the CR-based IoT network in (11) is an NP-hard problem.
Proof: To prove the NP-hardness of the optimization problem, one can show that the problem is reducible to one of the proven NP-hard problems. Given spectral resources are allocated to users regardless of the amount of data in their buffers, the second term of the objective function, S eff k is eliminated. Therefore, the objective function is reduced to
. Thus, the objective function is n∈N k∈K g k,n .p k,n , where the first term, g k,n , is a binary variable and the second term can be considered as a profit in the generalized assignment problem (GAP) problem, i.e.,
Given the decision variables μ k , ∀k ∈ K, are fixed, the constraints C2, C3, C7, and C8 are relaxed. Moreover, C1 can also be relaxed by appointing very small data rate requirements. Thus, the problem becomes the problem of packing |N | items (subchannels) into |K| knapsacks (users). Each item (subchannel) n has a weightp k,n I k,n if assigned to the kth knapsack (user). Therefore, one can conclude that the reduced problem can be categorized as a GAP which is a known NP-hard problem and, thus, P1 is also NP-hard. More details of the proof are provided in [26] .
V. ALGORITHM DESIGN
A. Solution Methodology
In fact, multiple approaches can be used to find optimal solutions for the proposed optimization problem, which is a nonconvex MINLP problem, and thus low complex heuristic approaches are required to solve this problem. One approach is to employ a tightened lower bound for the maximization problem and then solve it by the outer approximation algorithm. To achieve a tight lower concave bound of the original maximization problem [27] , the inequality in α log z 0 + β log(1 + z 0 ) can be used, where the approximation constants are α = [(z 0 )/(1 + z 0 )] and β = log(1 + z 0 ) − α log z 0 . Thus, α log z 0 + β can be used as a rate function to make a lower bound for the objective function. However, it is well-known that solving MINLP problems by this approach requires a high computational complexity which may not satisfy user delay requirements in practical scenarios. Another technique that has achieved success in various scenarios of MINLP problems [25] is to exploit the primal decomposition, which decomposes the original optimization problem into two subproblems, thereby reducing the complexity of the problem. Thus, P1 can be reduced to P2 by fixing the values of the harvesting ratios μ k , ∀k ∈ K P2: max 
Hence, a two-stage heuristic approach can be used, where the subchannel allocation process is performed to find the optimal solution of P2. Note that after the subchannel allocation phase, the integer constraints of P1 are removed because binary variables are set to 0 or 1 to indicate whether subchannels are allocated or not.
B. INSTANT
As discussed, finding an optimal solution to P1 is intractable. Therefore, to solve this problem, we propose a heuristic algorithm as summarized in Algorithm 1 which consists of two separated phases to optimizing the channel allocation and the harvesting ratio, respectively. We first perform a subchannel allocation process to solve P2. However, one should notice that the analytical expression of S eff k in the objective function should be derived. Therefore, for any probability distribution functions of X k , ∀k ∈ K, f X k (r), S eff k can be derived as
Hence, to solve P2, the distribution function of X k has to be known. For if Rk ≥ (E[X k ]) then 10: K ← K \k 11: end if 12: end for 13: N ← N \ N 0 14:ô = 0 15: for all n ∈ N do 16: for all k ∈ K do 17: if o n k ≥ô then 18:k ← k 19:ô ← o n k 20: end if 21: end for 22: gk ,n = 1 23: end for 24: Harvesting Ratio Optimization Phase 25: 
(E ef f k + S ef f k ) 28: ifR k ≥ (E[X k ]) andÊ k ≤ P AP .T d andÎ k ≤ I th m then 29: μ k =μ k 30:
end if 31: end for example, if X k is uniformly distributed between a and b,
As another example, when X n follows an exponential distribution with parameter λ, S ef f k is given by
In the proposed heuristic algorithm, we assume that the distribution function of X k is given. Moreover, without loss of generality, we focus on the case in which function (.) is given and linear. As shown in Algorithm 1, we initially set μ k = [(μ min
is computed from constraint E tr k ≥ 0. Accordingly, having variables μ k fixed to [(μ min k + 1)/2], we follow our heuristic channel allocation phase. Denote R k as the data rate of user k and N 0 as the set of the channels to be allocated to satisfy the minimum data rate requirement, i.e., R k ≥ (E[X k ]). Let K be the set of users who cannot attain their minimum data rates yet. We first allocate channels based on the channel conditions to satisfy constraint R k ≥ (E[X k ]) for all the users (lines 6-12). In fact, among the users with unsatisfied minimum data rate, a channel is allocated to the user that has the maximum rate on that channel. Then, for the remaining channels, we search over all the users to find a favorite user to allocate each channel (lines 15-23). The favorite userk for channel n is the one that achieves the maximum increase in the objective function of (11) . In fact, the favorite user is identified by comparing o n k which is defined as the objective function of (11) computed for the current channel allocation as well as the allocation of subchannel n to user k. After the channel allocation phase, we follow the harvesting ratio optimization phase to optimize the harvesting ratios of users based on their allocated channels (lines [25] [26] [27] [28] [29] [30] [31] . DenoteR k as the data rate of user k if we change μ k toμ k . We also haveÊ k = T d ( l∈K,l =k ρ l μ l + ρ kμk ) and I k = l∈K,l =k P tr l (μ l )I l,m +P tr k (μ k )I k,m . As shown in the algorithm, we first sort the users in an increasing order according to their energy harvesting rates. Then, for each user, we locally optimize the harvesting ratio while taking into consideration of the currentR k ,Ê k , andÎ k .
Complexity Analysis: The optimal solution for the INSTANT in the network necessitates an exhaustive search in order to find the optimal subchannel allocation for the K devices. The complexity of this exhaustive search grows exponentially as O(K N ). Note that the complexity of INSTANT corresponds to O(K * N), which is much lower than that of the exhaustive search method.
VI. SIMULATION RESULTS
In this section, we evaluate the performance of the proposed optimization framework for the CR-based IoT network. The OPTI toolbox [28] is adopted to solve (11) by using the NOMAD [29] solver, which is a global MINLP solver and uses the mesh adaptive direct search algorithm. The channel gains are modeled as h k,n = Zd −β k,n , where Z is randomly generated according to the Rayleigh distribution, d, the geographical distance between the transmitter and receiver, is selected uniformly between 0 and 50 m, and β, the path-loss exponent, is set to 3. Moreover, the bandwidth of each subchannel is 62.5 kHz, the interference threshold of the licensed user is 5 × 10 −13 W, and the noise power is 10 −13 W (or −100 dbm) in our simulation analysis. Fig. 3 illustrates a tradeoff between EE and SE of the network. We consider two users along with four available subchannels. The energy of sensing, residual energy, and energy of idle for both users are E sen = 2 mJ, E res = 3 mJ, and E idle = 1 μJ, respectively. Data in their buffers follow a uniform distribution. The first subplot clearly shows that the transmission rates for both users decrease to their minimum rate constraints as η reaches 6 × 10 8 . In fact, the higher η results in the higher weight of SE, and thus lowers the EE and transmission rates. The second subplot of Fig. 3 explicitly shows the tradeoff between EE and SE. The x-axis is the parameter η which is selected to be identical for both users. The left y-axis represents the EE, i.e., the first term of the objective function in (11) . The purple curves reflect the EE of users, where increasing η reduces the EE to their minimum levels. The EE reduction arises from the fact that the higher η puts the more weight on the SE term. The higher P(X k ≥ R k ) implies the higher SE, where users do not receive rates more than their available bits in their buffers. Fig. 4 shows the efficiency of the network, where the number of randomly generated bits in users' buffers follow exponential and uniform distributions. The solid lines correspond to the total objective function in (11) , which experiences a sharp increase by incrementing η (identical for both users). When the weight of SE grows, the SE increases exponentially until the transmission rates of users reach their minimum thresholds. Beyond this point which is shown by red circle, the objective function increases with η. Fig. 5 shows the effect of the number of users and available subchannels on the EE with the total number of available subchannels being N = 16 and N = 24, respectively. For a fixed number of users, the EE of the network grows by increasing the number of available subchannels allocated to users. Meanwhile, the x vector represents the number of users that varies from K = 2 to K = 12. In fact, the higher number of users results in the higher amount of data for transmission and also more freedom for the optimizer to choose users with better channel gains. Thus, increasing the number of users leads to improving the EE for both N = 16 and N = 24 scenarios. Fig. 6 illustrates the EE versus the minimum rate constraint and η. EE improves by increasing the minimum data rate because the transmission rate of the users must increase to satisfy C1 in (11). In the low minimum data rate region, as η grows, the SE term of the objective obtains a higher weight as compared to the EE term, and thus the EE experiences a decline. However, EE remains nearly constant for higher minimum rate constraints and does not react to the increment in values of η because the probability P(X k ≥ (E[X k ]).t tr k (μ k )) tends to zero in the high minimum data rate region. Thus, the SE term has no impact on the optimization problem regardless of the value of η, and EE remains steady. Table I are presented to evaluate the effectiveness and accuracy of the proposed INSTANT algorithm. In particular, we compare the performance of INSTANT and the optimal approach in Fig. 7 for a small network with K = 4 users and N = 8 available subchannels. The objective function of (11) increases as η grows for both INSTANT and optimal approaches. The error percentage shown on the right y-axis also presents the performance gap between INSTANT and the optimal solution for different cases. For the lower values of η, INSTANT algorithm achieves the optimal result with only less than 5% error. The comparison of the computational time between the optimal approach and INSTANT for different scenarios is shown in Table I . While INSTANT provides the suboptimal solution within less than 1 s, the computational time of the optimal method grows very fast because its complexity is exponential while that of INSTANT is polynomial. Moreover, Fig. 8 compares the EE achieved by INSTANT and the optimal method for different scenarios; they are rather close. In particular, EEs achieved by INSTANT are 97.95%, 97.72%, 97.61%, 97.21%, 96.51%, and 96.16% of the corresponding optimal EEs, for {K = 2, N = 8}, {K = 2, N = 24}, {K = 4, N = 8}, {K = 4, N = 16}, {K = 6, N = 16}, and {K = 8, N = 16}, respectively. Additionally, Fig. 8 compares the EE of our proposal with the fixed data rate requirements (FDR) algorithm. FDR assumes that users have the fixed data rate requirements, while the data rate requirement in our approach is a function of the number of bits in users' buffers; our approach does not waste any spectral resources. FDR has been widely used in recent works [30] . As shown in the figure, our proposal performs better as compared to FDR because some of the available subchannels are wasted by FDR. In fact, FDR allocates subchannels based on users' required data rates, and for high data rate requirements, the optimizer has less freedom to maximize the objective function, thereby resulting in the performance degradation.
VII. CONCLUSION
In this paper, we have proposed a novel system model for CR-based IoT by WEH and CSS to tackle two vital challenges of an IoT network, i.e., supplying adequate energy to operate the network in a self-sufficient manner and providing enough radio spectrum for massive increase of devices. More importantly, we have formulated an MINLP problem to maximize the tradeoff between EE and SE while taking into consideration of practical limitations. Moreover, we have proposed a low complex heuristic algorithm, called INSTANT, to solve the subchannel allocation and energy harvesting optimization problem. We have shown that INSTANT is able to obtain near optimal solution with high accuracy while having polynomial complexity.
